Regular structures, at and non-at, are perceived as regular in a wide range of viewing angles and under varying illumination. In this papers, we exploit this simple observation and develop an invariant measure of pattern regularity. The measure is the maximum of the regularity values obtained for di erent directions within the pattern. We demonstrate that the regularity feature introduced is reasonably stable under weak perspective of real non-at structures. The feature is consistent with human perception of texture regularity. It is used for regularity-based image ltering. Examples of invariant detection of periodic structures are shown. Finally, structural defects in regular textures are detected as locations of low regularity.
1 Introduction Figure 1 shows a set of patterns which look di erent but have much in common. They are di erent views of the same three-dimensional, periodic structure indicated by a box in a RADIUS 10] model board image shown in gure 5. Table 1 : The regularity values of the patterns shown in gure 1.
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The numbers in table 1 are the values of the proposed regularity measure computed for these patterns. The range is 0; 1], with 1 being perfect periodicity. The regularity values show surprising stability, compared to the signi cant changes in the appearance of the viewed object. This is consistent with the fact that a regular structure is perceived by humans as regular under a wide range of a ne transformations. To a certain extent, this is valid even for non-at structures and changing illumination. Thus, a properly de ned measure of pattern regularity can serve as a highly invariant, perceptually motivated feature. In this paper, we propose such a feature and show examples of its application.
Previous attempts to evaluate pattern regularity were mostly aimed at textures viewed as planar patterns under two-dimensional shift, rotation and zoom. Our current approach is related to the early studies by Zucker and Terzopoulos 13] and Chetverikov 1] . The former applies the chi-test to the co-occurrence matrix and searches for those displacement vectors that coincide with the periodicity vectors. However, no regularity measure is de ned. The latter uses a gray-level di erence histogram (GLDH) feature and proposes a model-based regularity measure for a given direction.
In both 13] and 1], the conventional, raster-based pairwise spatial relation between the pixels was used. Later, we showed 5] that this relation is unsuitable for precise analysis of anisotropy and regularity at arbitrary orientations. The extended co-occurrence was proposed to decouple the magnitude and the angle of the displacement vector.
Rao and Lohse 11] demonstrated that regularity plays an important role in human texture perception. Tamura et.al. 12] proposed a set of texture features, including regularity, that correspond to human perception. Their regularity measure is de ned via the spatial variation of four other features, such as coarseness and directionality. However, the experimental study in 12] indicated poor correlation between the proposed computational measure and the visually perceived regularity.
D'Astous and Jernigan 6] approach texture regularity using the characteristic frequencies of the power spectrum. A similar, power spectrum based view of regularity (periodicity) is adopted in the recent work by Liu and Picard 8] .
There are di erent components of regularity, including regularities in the spatial layout and in the intensity distribution of the elements comprising the pattern 3]. A detailed analysis of regularity should therefore try to characterize these components separately, which we plan to do in the future. In our current study, two partial measures are combined into an overall measure.
The main contributions of this paper are a new de nition of pattern regularity and an implementation of this feature in a fast and exible regularity lter. Emphasizing the invariance of regularity, we make an attempt to extend the scope of this visual feature to non-at patterns. In the rest of the paper, we introduce the maximal regularity feature and show examples of its application to some problems of computer vision, including classi cation of texture patterns according to regularity, search for periodic structures of arbitrary orientation, and detection of structural defects. To cope with varying contrast, MEAN(i; j) is normalized by its maximum value max ij fMEAN(i; j)g so that 0 MEAN(i; j) 1.
The angular resolution N a and the maximum spacing d max are two basic parameters of the algorithm. It is assumed that d max extends to at least two periods of the pattern. High angular resolution is necessary for the spacing vector to precisely align with the periodicity vector.
The MEAN feature (3) is related to the autocorrelation function. When viewed as a function of d for a given angle, this feature is called contrast curve 1] and denoted by F(d). Figure 2 shows typical contrast curves for patterns with di erent degrees of regularity. As discussed in 1], a periodic pattern has a contrast curve with deep and periodic minima. Our de nition of regularity quanti es this property. It also takes into account that the shape of the period can generally be more complex, with local minima that indicate the presence of a hierarchical structure. The model-based regularity measure 1] cannot cope with hierarchical structures. The algorithm operates as follows.
Step 1 Apply median lter of width 3 to remove noisy extrema in F(d). Denote the original non-ltered function by F 0 (d). Step 4 Set the absolute minimum (d am ; F am ) at minfF 1 ; F 2 g. Rectify F am by searching F 0 (d) for an even lower value in the 2 point vicinity of d am . Set F am to the lowest value found in this vicinity.
Step 5 Compute the intensity regularity Since MEAN(i; j) has been normalized, 0 REG int 1. By default, REG int = 0 if N min = 0.
Step 
and select the larger of (6) and (7) . By default, REG pos = 0 if N min < 2.
Step 7 Compute the directional regularity as REG = (REG int REG pos ) p ; (8) where p is a parameter of the algorithm. Currently, we use p = 2.
The median ltering removes false extrema, but it also smoothes and shifts the true ones. The correction procedure in step 4 restores the original amplitude.
A small shift is accounted for in REG int and is neglected in REG pos . In step 6, two alternatives are considered: d 2 is either the second or the third period. (See gures 3a and 3b, respectively.) 3 
Degrees of regularity
In this section we demonstrate that MAXREG is consistent with the visually perceived degree of regularity. In gure 4 and table 2, the patterns are grouped in rows as four categories according to their maximal regularity: random 0; 0:25), low regularity 0:25; 0:50), medium regularity 0:50; 0:75) and high regularity 0:75; 1:00]. In each row, the value grows from left to right. When evaluating these results, one should keep in mind that MAXREG combines the layout and the intensity regularities. For example, the co ee beans pattern in the third row (backlighting) is considerably more regular than the co ee beans pattern in the second row. The layout regularities of the two patterns are similar, while the elements' intensity in the former pattern is much more regular.
While MAXREG categorizes patterns according to regularity, its discriminating power is limited, as visually very di erent patterns may have the same maximal regularity value. In particular, this can easily happen to a linear and a tiled pattern whose directional distributions of regularity are completely di erent. We plan to investigate REG(i) more closely in the near future. However, we envisage that REG(i) will be less invariant and robust than MAXREG.
Detecting regular structures
The maximal regularity of a at pattern is invariant under weak perspective, when the size of objects is small compared with the viewing distance. Weak perspective, an approximation widely used in vision research, can be interpreted as an orthographic projection onto the image plane followed by an isotropic scaling 9]. Both transformations preserve periodicity and parallelism. This is su cient for the stability of the maximal regularity because its components are invariant under linear transformations of intensity due to illumination changes.
Assume that a structure extends in the third dimension as well, but its size in this dimension is small compared to the other two dimensions. Under weak prospective with varying viewing angle and distance, the periodic elements of a regular structure cast shadows that are also periodic. In the visible parts of the pattern, periodicity and parallelism are still preserved, while intensity may change in a non-linear way. Despite this latter circumstance, the maximal regularity tends to be quite stable, as illustrated in the introduction of this paper.
We used this property of MAXREG for invariant detection of regular structures in the RADIUS images 10]. These images contain two or more non-at regular structures viewed under weak perspective and varying illumination. The MAXREG feature was implemented in a exible regularity lter selective to the local regularity computed in a sliding window. The implementation is based on the previously developed running lter version of the MEAN feature (3) . The MEAN lter is described in 2, 3] . The extension of the MEAN lter to MAXREG is straightforward.
The size of the lter window is related to the maximum displacement d max . By changing d max , one can tune the structure detector to short-or long-period regularity, as demonstrated in gure 5. When d max is set so as to exceed two periods of the long-period, linear roof structure, this structure appears in the ltered image. Note that the rst image contains a poorly visible long-period structure in the bottom-left corner.
The angular resolution of the structure detector was set to = 15 . Lower resolution, e.g., the one provided by the conventional co-occurrence, is not sucient for stable performance under varying viewing conditions.
Earlier, we applied the MEAN feature of the EGLDH to precise anisotropy and orientation analysis of patterns 5, 3] . By combining this approach with the maximal regularity ltering, one can detect structures of given orientation. 
Detecting structural defects
Instead of detecting locations of high regularity, one can use the regularity lter to indicate locations of low regularity in regular structures. Such locations are typically structural defects whose detection is of importance in industrial texture inspection and some scienti c applications.
Recently, we proposed a related, novel method for this task 4]. Implemented as the running lter, the algorithm 4] matches MEAN(i; j) of the sliding window against the pre-computed MEAN(i; j) of a reference (ideal) patch. Since the basic texture may have tolerable variations, the matching is adaptive, with the tolerances in the local orientation and size being speci ed by the user. In the resulting ltered image, a blob detector locates defects as areas of large structural deviation from the reference pattern. (See 4] for details.) Alternatively, the same blob detector can be applied to regularity-ltered images, as shown in gure 6. In this new approach, neither reference patch nor explicit orientation or size tolerances are to be given: a regularity variation threshold is only speci ed. To demonstrate the robustness of this method, the last pattern is a rotated, skewed and tilted version of the previous one. Figure 6 : Regularity-based detection of structural defects.
Conclusion
We have discussed the role of pattern regularity in machine vision and introduced a new, highly invariant maximal regularity feature. Pilot examples of its application to a number of problems have been shown. Currently, the proposed method is limited by its computational cost which is still high despite the run ltering implementation: regularity ltering of an average size image takes several minutes on an advanced PC. More research and testing are needed to justify the algorithms and to systematically evaluate their performance, especially as far as 3D invariance, generality, scalability and robustness are concerned. We plan to continue the development of the approach and to use it in di erent applications, including retrieval of structures for image database management.
